Purpose: To quantitatively characterize the retinal vascular network in healthy and pathological cases using optical coherence tomography angiography (OCTA) images.
Introduction
Optical coherence tomography angiography (OC-TA) is a noninvasive technique that can detect blood flow signal in retinal and choroidal vessels using motion contrast. It compares the decorrelation signal (differences in the backscattered OCT signal intensity) between sequential OCT B-scans taken at the same cross-section; thus, yielding maps of vascular flow. OCTA provides size and localization information, visualizing the retinal and the choroidal vasculature. 1 Numerous studies described how to automatically detect and classify retinal disorders (e.g., diabetic retinopathy [DR] ). However, most of them relied on fundus images [2] [3] [4] [5] rather than on OCT images or OCT angiograms. Recent development in OCTA induced attempts to use advanced image processing in order to extract quantitative information that characterizes the vascular network in the retina from the angiograms. In particular, parameters, such as vessel density and fractal dimension, were computed in several studies. [6] [7] [8] [9] [10] [11] Fractal dimension can be seen as a measure of the roughness or abruptness of changes in a curve or a surface. A network of blood vessels in an image generates gray level changes in the image, and thus can be characterized by the fractal dimension.
Currently, several commercial OCTA machines can provide, in addition to the angiogram, rough values of the global and local vessel density. Anegondi et al. 12 compared the vascular features obtained using the following three different machines: AngioVue (Optovue, Inc., Fremont, CA), SSOCT Angio (Topcon Systems, Tokyo, Japan), and AngioPlex (Carl Zeiss Meditec, Jena, Germany). The results showed that in the superficial retinal layer vessel density was similar among all three devices, but in the deep retinal layer the vessel density obtained from the AngioVue machine was significantly higher than the one obtained using the other two machines.
In this study, we proposed an automatic algorithm that analyses OCT angiograms of the retina. The algorithm first classified the input image checking the following four possible conditions: healthy, DR, agerelated macular degeneration (AMD), and retinal vein occlusion (RVO). Classification was performed based on the gray level statistical parameters of the image. Then, the image was automatically enhanced and segmented. Next, came calculating the area of the foveal avascular zone (FAZ), the vessel density, and the Hausdorff fractal dimension. Both the vessel density and the fractal dimension were calculated globally on the entire image, and the results were used to characterize the global retinal blood flow and vasculature.
Classification results were compared with the diagnosis made by a retina specialist. The obtained values for the vessel density were compared with the literature and to the automatic results provided by the OCTA machine used (AngioVue). The values obtained for the fractal dimension were compared with the literature.
The main contribution of the proposed method is obtaining an improved description of retinal vasculature and consequently an improved assessment of the vessel density due to significantly reducing the amount of false blood vessels in the resulted image.
Methods
As described above, the proposed method was composed of classification followed by several image processing steps and then calculation of quantitative parameters characterizing retinal vasculature.
The entire algorithm, whose various steps are detailed below, is schematically described in Figure 1 .
Image Acquisition
A retrospective observational study was conducted in 28 patients. Data on background, clinical, and additional tests were collected from the medical records. The study followed the tenets of the 2013 declaration of Helsinki and was approved by the Institutional Ethics Review Board of Rabin Medical Center.
All the images analyzed in our study were obtained using the AngioVue OCTA machine (Optovue, Inc., Fremont, CA). Each image contained 600 3 600 pixels representing an area of 3 3 3 mm centered on the fovea.
The collected data included images of 56 eyes as follows: 26 healthy eyes, 20 eyes with DR, 6 eyes with AMD, and 4 eyes with RVO.
Each OCTA scan enabled the analysis of retinal and choroidal vasculature: superficial capillary plexus, deep capillary plexus, outer retina, and choriocapillaris. For 33 cases (16 healthy eyes and 17 eyes with DR), vessel density maps provided by the machine were also available.
Classification
In order to associate the image with the relevant disorder (healthy, DR, AMD, or RVO), statistical parameters (mean, standard deviation, skewness, and kurtosis) of its gray level histogram were calculated for each automatically obtained layer of the patient's retina. In statistics, skewness is a measure of the asymmetry of the distribution. Kurtosis is a measure of the shape of the distribution and shows whether it is uniform or has a sharp peak. The expressions for the four statistical parameters are provided below: 
where: l, r 2 , s, and k are the mean, variance, skewness, and kurtosis, respectively; and p(i) is the probability of a pixel to contain a gray level i.
Using these parameters, a range of values defining each pathology was first set.
The values for a specific pathology were essentially the minimal and maximal values that were found for each layer and parameter among the images related to this pathology in our data set.
When an image of a retinal layer is analyzed, the algorithm compares the obtained values of the four statistical parameters with the range of values predefined for each disorder. The layer is associated with a category only if the values of all four parameters fit the predefined range of this class (a layer may be linked to more than a single class due to the partial overlap between the ranges of values related to different categories). This process is repeated for all four layers. The case would be diagnosed as belonging to a specific category (healthy, DR, AMD, or RVO) only if it was related to this category in all four layers (i.e., the whole set of 4 statistical parameter in all the layers fit the range corresponding to this category). When a case is diagnosed as belonging to two different classes, both diagnoses are presented. When a case does not fit any category, it is considered as ''no diagnosis.'' We did not have such a case in our data set.
Vessel Enhancement
In order to calculate the vessel density and the Hausdorff fractal dimension, the image must first be filtered in order to achieve vessel enhancement. To do so, the Frangi vesselness filter 13 was applied on the input image. This filter performs a type of contrast enhancement, which emphasizes structures (such as blood vessels) that can be regarded as tubular.
It should be mentioned that the filter introduced by Frangi fits a case in which the tubular objects are darker than their surroundings. In OCT angiograms the blood vessels appear as bright tubular objects, and therefore the filter was applied on the negative of the images.
Segmentation
Following vessel enhancement, the obtained image was thresholded in order to get a binary image presenting retinal vasculature in white and the rest of the image in black. The threshold value was determined using Otsu's method, 14 which selects the optimal threshold by maximizing the between-class variance.
The resulted image is used for calculating vessel density as well as the Hausdorff fractal dimension.
Calculating FAZ Area
In case the image was classified as healthy, the following algorithm was applied. First, the image obtained after applying the vesselness filter was convolved with a Gaussian for smoothing. For the superficial capillary plexus layer r ¼ 8:5 was used, and for the deep capillary plexus layer r ¼ 5:5 was used. These values were determined by trial and error. Next, the result was converted to a binary image, taking the mean gray level of the smoothed image as the threshold. Due to the strong smoothing, which blurred the gaps between blood vessels, the only bright region in the thresholded image belonged to the FAZ. Then, binary morphological dilation with a 5-pixel-long diamond-shaped structuring element (SE) was applied to expand the FAZ shape to the correct size (this SE can be described in the following way using a 5 3 5 square: top and bottom rows: ''00100,'' 2nd and 4th rows: ''01110,'' middle row: ''11111''). The result is a binary image in which the FAZ is the area covered by bright pixels.
Calculating FAZ size using an automatic algorithm was unreliable in cases of severe pathology, where the FAZ merges with flow-less areas in the retina, as a result of hemorrhage or ischemia. In order to overcome this difficulty, an average FAZ size was calculated for each of the pathologies using a semiautomatic algorithm on the entire pathological data.
Each image was first filtered using the vessel enhancement method that was described above. Next, smoothing by a Gaussian filter followed by thresholding and binary dilation were performed on the vessel-enhanced image. The standard deviation of the Gaussian, the value of the threshold for segmentation and the structuring element for dilation were chosen manually for each image in order to obtain optimal results. The above process was repeated for the entire pathological data set: 20 cases of DR, six cases of AMD, and four cases of RVO, for both superficial and deep layers. Finally, for each of the pathologies an average FAZ size was determined as the mean of the data obtained by the above process.
Calculating Vessel Density
Vessel density is calculated on the binary image resulted from the steps described above in the ''Segmentation'' subsection. The vessel density is provided by the following expression:
where B is the number of bright pixels in the binary image, T is the total number of pixels in the binary image, and F is the number of pixels representing the FAZ. In cases diagnosed as healthy, F is computed from the input image as described above in the first paragraph of the ''Calculating FAZ Area'' subsection.
In cases diagnosed as pathological, F is constant and changes according to the pathology (refer to the last paragraph of the ''Calculating FAZ Area'' subsection above).
Calculating the Fractal Dimension
Similar to the vessel density, the fractal dimension is computed on the binary image obtained after the segmentation step described above. The Hausdorff fractal dimension is calculated using the box counting method 15, 16 on the entire image. The box counting method divides the image into boxes of size r, and counts the number of boxes N(r) that contain even a small part of the structure. Next the box size r is divided to half and box counting is performed again. This will repeat until the box size is one pixel. Then, a linear fit between log N r ð Þ ð Þ and log 1 = r À Á is performed. The Hausdorff fractal dimension is determined as the slope of the line (in absolute value).
Results

Classification
Based on the gray level statistical parameters, our method successfully classified 47 of 56 cases. All AMD cases were correctly diagnosed. Of 20 cases of DR, one was diagnosed as both DR and healthy. Of four cases of RVO, three cases had two diagnoses: one case was diagnosed as both RVO and healthy, and two cases were diagnosed as both RVO and DR.
From 26 healthy cases, five were diagnosed as both healthy and DR.
It was expected always to obtain the correct diagnosis because our criteria for classification were based on the value taken from the entire database. However, demanding intersection (i.e., logical ''AND'' condition) between several criteria in order to classify a case reduced significantly the ambiguity in the diagnosis (cases associated to two groups). As stated above, 47 of 56 cases were uniquely diagnosed, which means a success rate of 83.9%. Only two pathological cases were also classified as healthy (false negative), and five healthy cases were also classified as pathological (false positive). This gives a sensitivity of 93.7% and a specificity of 83.8%.
It should be pointed out that the accuracy of the classification method is limited for AMD and RVO due to the small number of cases used for constructing the classification criteria.
Calculating FAZ Area
The algorithm for finding the FAZ in both healthy and pathological cases was described above in the Methods section. Figure 2 shows examples of the obtained results in the superficial capillary plexus layer for a heathy case (Fig. 2a) and for two cases of DR (Figs. 2b, 2c) . Figure 2b refers to a case of nonproliferative diabetic retinopathy (NPDR), while Fig. 2c shows a case of proliferative diabetic retinopathy (PDR). For all three cases, the boundary of the FAZ is displayed in red. It should be mentioned that the FAZ obtained for the superficial capillary plexus layer using the automatic algorithm is often more accurate than the FAZ obtained for the deep retinal capillary plexus layer.
The values obtained in this study (all 56 eyes) for the area of the FAZ are presented in Table 1 .
Calculating Vessel Density
Vessel density was calculated for the entire set of 56 cases. Table 2 provides the obtained results.
The P values for the various pathologies, which were calculated using an unpaired t-test, refer to the separation from healthy cases.
We observed, as expected, that the mean values obtained for healthy cases are higher than the corresponding ones in the pathological cases. Furthermore, the vessel density in the superficial capillary plexus layer is lower than in the deep capillary plexus layer. The P values in Table 2 show that the separation between healthy cases and pathological cases is statistically significant for all the pathologies.
Calculating Fractal Dimension
The Hausdorff fractal dimension was calculated for the entire set of 56 cases. Table 3 provides the obtained results. The P values for the various pathologies, which were calculated using an unpaired t-test, refer to the separation from healthy cases.
It can be seen that the mean values obtained for healthy cases are, as expected, higher than the ones obtained for pathological cases. The P values in Table  3 show that the separation between healthy cases and pathological cases is statistically significant for all the pathologies. Because the healthy cases seem to form a narrower distribution than the distribution of DR cases, we also used the Wilcoxon rank sum test and confirmed that healthy cases are separated from DR cases.
Comparison with Previous Studies and Machine Results
The values of the vessel density obtained for healthy eyes were compared with the values described in previous studies 7, 8, 17, 18 that used OCTA, as detailed in Table 4 . A similar comparison was performed for DR cases, as presented in Table 5 . Tables 4 and 5 show that the values obtained from our algorithm are significantly lower than the ones reported in the literature.
Our results for the vessel density were also compared with the study by Rabiolo et al., 11 which compared several image processing methods for quantifying the retinal vessel density. Rabiolo et al. 11 obtained a wide range of mean vessel density values depending on the segmentation method used, both for the superficial capillary plexus layer (35.1%-51.6% for healthy subjects and 33.9%-43.5% for DR patients) as well as for the deep capillary plexus layer (31.7%-46.4% for healthy subjects and 20.8%-42.2% for DR patients). When comparing to their results using Otsu thresholding (the most similar method to ours), we can conclude from Table 6 that our values of vessel density are only slightly lower than the values obtained by Rabiolo et al. 11 The AngioVue machine can automatically compute global and local values of the vessel density. We compared the values obtained by our algorithm with the vessel density of the superficial capillary plexus computed by the machine for 16 healthy and 17 DR cases. The obtained results are presented in Table 7 .
It can be seen that for both the healthy as well as the DR cases, the vessel density obtained by our algorithm is significantly lower than the one provided by the OCTA machine. The difference between the two density values (machine provided, algorithm obtained) was calculated for each case and the results were averaged. The obtained range of differences was 18:6362:84% for healthy eyes and 17:9464:80% for DR cases. Our results for healthy eyes can also be compared with the values described in the recently published study of Yu et al. 19 who used confocal imaging to assess the macular microvasculature density in human donor eyes. According to their study, the vessel density in the superficial capillary plexus layer is 31% on average (between 29% and 33% in various regions of the macula) and in the deep capillary plexus layer it is 17% on average (between 14% and 20% in various Kim et al. 8 Dimitrova et al. 17 Zahid et al. 18 Superficial capillary plexus layer 34. 19 while for the deep capillary plexus layer our results are significantly higher than the ones presented by Yu et al. 19 in their study. The values of the fractal dimension obtained for healthy and for DR cases were compared with the values described in two previous studies, as detailed in Table 8 .
One can see that the mean values obtained for the fractal dimension by our algorithm are similar to the ones provided in the previous studies. For healthy cases, our mean values are almost identical to the values provided by Kim et al. 8 
Discussion
We have seen that the values obtained by our algorithm for the vessel density are significantly lower than the ones obtained from OCT angiograms in previous studies (Tables 4, 5) . One exception was the study by Rabiolo et al., 11 which yielded similar results to ours using a similar segmentation method (Otsu thresholding). It should be noted that, using a method entitled ''multilevel,'' Rabiolo et al. 11 obtained for the deep capillary plexus layer values of vessel density which were even lower than ours. Although this method was quite different from ours, it involved image processing with a Hessian filter, which may have a similar effect on the images as the vesselness filter we used for contrast enhancement.
In addition, our results for the vessel density were much lower than the ones provided by the AngioVue machine. Obtaining significantly lower results compared both with the results of the machine as well as to previous studies seems to indicate that our algorithm provides underestimated values. However, it is known that OCT angiograms contain noise, which can generate false flow signal that can be interpreted as small blood vessels. 20 We believe that our algorithm (that combines vessel enhancement using the vesselness filter and Otsu thresholding) successfully handles false flow signals. This is supported by the comparison with the results of Yu et al. 19 (who used confocal microscopy rather than OCTA), which showed that for healthy subjects our algorithm yielded vessel densities that are either similar to (in the superficial capillary plexus layer) or higher than (in the deep capillary plexus layer) those Yu et al. 19 obtained. As an illustrative demonstration, Figures 3 and 4 present for three cases both the original OCT angiogram and the binary image (after segmentation and filtering) from which the vessel density was computed in our algorithm. Figure 3 shows the superficial capillary network layer, while Figure 4 shows the deep capillary plexus layer for the same cases. In each figure, the original OCT angiograms are shown in the top row and the binary images are displayed in the bottom row. Both figures refer to the Figure 2 (left columnhealthy, middle column -NPDR, right column -PDR).
Using our algorithm, a significant amount of noise was removed from the image, hence reducing the numeric value of the obtained vessel density. It seems that in the healthy case and in the PDR case the retinal vasculature is well described by the binary image, while in the NPDR case some of the small blood vessels are lost (leading to an underestimated vessel density).
If we focus on the superficial capillary plexus layer (for which vessel densities provided by the scanner were available), even in the NPDR case the vessel density obtained from our algorithm (31%) seems to be to fairly accurate compared with the value provided by the machine (41.25%). To see that, one should compare the original NPDR image (Fig. 3b) with the binary image of the healthy case (Fig. 3d) , which represents an algorithm-provided vessel density of 42%. The density mismatch between these two images shows that a vessel density of 42% (close to the value of 41.25% provided by the machine for the NPDR case) is significantly overestimated. Turning to the PDR case, a vessel density of 25% (provided by the algorithm) seems closer to reality than 37% (the value given by the machine).
One should note that when applying our vessel density algorithm to compute vessel density in pathological cases using an average value of the FAZ area (based on all the cases) an error occurs in the obtained value. Based on the typical size of the FAZ, we estimate this error is in the range of 1% to 2%.
Finally, it must be emphasized that our study included only eyes with DR, RVO, and AMD. Thus, our OCTA algorithm findings are confined to those pathologies only. Future work should be encouraged to study the OCTA finding in other pathologies.
Conclusions
In this study, an automatic algorithm that calculates quantitative parameters that characterize the retinal blood flow from OCT angiograms was developed. Both vessel density and Hausdorff fractal dimension for the entire image were calculated in healthy and in pathological cases. The vessel density values we calculated by the algorithm were significantly lower than the values that appear in the literature as well as those provided by the OCTA machine. We believe this reflects, at some extent, a reduced influence of false signal of blood vessels on the result. The success rate of classification by the algorithm is 83.9%, and it can be improved by collecting more data.
